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Abstract  Multibeam echosounder system (MBES) is an essential acoustic remote sensing technique 
for seabed topography surveys. The georeferenced model is crucial for the MBES when calculating the 
bathymetric soundings’ geolocation and depth. Existing models are complex and time-consuming, failing 
to meet the demands of large-scale or real-time data processing. To address these issues, we proposed a 
simplified and high-precision method. First, two regular sectors with the same vertex are assumed to 
represent the across-track and along-track beam patterns of the multibeam transmitter and receiver, 
respectively, instead of two cones in the conventional virtual concentric cone array (VCCA) model. 
Secondly, the beam vector representing the direction of sound ray tracing is derived by calculating the 
intersection point coordinates between the two sectors. Finally, an efficient progressive equivalent sound 
speed profile ray tracing progress is used to obtain the final depth of soundings. Experimental results 
demonstrate that the proposed method substantially reduces processing time, with reductions of 
approximately 52% for shallow water data and 84% for deep water data. The root mean square error of 
depth discrepancies is approximately 0.58% of water depth in overlapping regions of cross-survey lines. 
Furthermore, the proposed method achieves accuracy comparable to the VCCA algorithm.

Keyword: multibeam echosounder system (MBES); georeferenced model; ray tracing; equivalent sound 
speed profile

1 INTRODUCTION

The digital bathymetry models (DBMs), which 
represent seabed topography in digital form, are 
essential for studying the evolution of the ocean 
basins, physical oceanographic processes, and benthic 
habitat analysis (Gula et al., 2015; Ruan et al., 2020; 
Li et al., 2023; Yu et al., 2024). These models are 
also critical for a wide range of human activities, 
including offshore engineering, safe navigation, and 
underwater archaeology (Ellis et al., 2017; Ogor, 
2018; Yang et al., 2020; Janowski et al., 2025). The 
source data of the DBMs include multibeam 
echosounder system (MBES), airborne bathymetric 
LiDAR, airborne photogrammetry, and satellite 

imagery, particularly in shallow water environments 
(Janowski et al., 2024). However, multibeam 
bathymetric data (MBD) serve as a crucial input for 
compiling high-precision, high-resolution DBMs. 
For example, the MBD in the latest product 
GEBCO_2024, a global terrain model for ocean and 
land, accounts for 15.26% of the total underwater 
part, and this proportion steadily increased every 
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year recently (GEBCO Compilation Group, 2024).
In recent years, the beam number and ping rate 

of the MBES have steadily increased, exemplified 
by the R2Sonic 2026 multibeam system, which 
provides 1 024 soundings per ping and a ping rate of 
up to 60 Hz (R2Sonic LLC, 2022). This advancement 
has led to a substantial growth in the volume of data 
collected during a single survey (Yang et al., 2022). 
Platforms equipped with MBES are transitioning 
from traditional survey vessels to autonomous 
surface vehicles (ASVs) and autonomous underwater 
vehicles (AUVs) (Sotelo-Torres et al., 2023). These 
unmanned systems facilitate real-time transmission 
of MBD to monitor changes in the detected targets 
and support for simultaneous localization and 
mapping (SLAM) (Palomer et al., 2016; Norgren 
and Skjetne, 2018).

The algorithm for calculating the geolocation and 
depth of each beam by integrating raw multibeam 
information with various auxiliary sensor data, such 
as positioning, attitude, and sound velocity, is 
referred to as georeferenced model. Consequently, 
the accuracy and efficiency of this model for 
processing large volumes of soundings significantly 
affect the representation of real-time topography 
(Mohammadloo et al., 2020). Within this framework, 
beam vector calculation and ray-tracing process are 
among the primary and most time-consuming 
components.

The calculation of the beam vector is complex 
due to the influences of various factors, including 
the transducer’s steering angles (which redirect the 
main response axis of the beam pattern to different 
angles for broader coverage), alignment angles, 
attitudes, and positions (Hughes Clarke, 2003). 
Consequently, researchers have simplified the beam 
vector calculation to varying extents. Early studies 
often equated the receiver’s steering angle of 
MBES with the beam vector for computational 
convenience (Hare, 1995). In this approach, the 
beam incidence angle was calculated in a two-
dimensional plane perpendicular to the ship’s 
heading, which overlooked the effects of the 
transducer’ alignment angles and attitudes on the 
beam vector (Hughes Clarke, 2003). To address 
these issues, Beaudoin et al. (2004) proposed a 
virtual concentric cone array (VCCA) model, which 
treats the transmitter and receiver were as two 
independent units and constructs a virtual array 
reference frame (ARF) based on the transmitter at 
the time of sound transmitting and the receiver at 
the time of sound receiving. Thus, this model 

rigorously accounts for the steering angles and 
alignment angles of both the transmitter and 
receiver, as well as the attitude variations during the 
sound roundtrip. The VCCA model has also been 
implemented in the open-source software MB-
System. The non-concentric cone array (NCCA) 
model (Hamilton et al., 2014) further enhances the 
VCCA by considering the displacement of the 
transmitter and receiver during the sound roundtrip. 
However, the NCCA model requires a two-layer 
iterative process to obtain the beam vector, resulting 
in longer computation times. To improve efficiency, 
Bu et al. (2020) developed a simplified NCCA 
model that combines elements of both VCCA and 
NCCA, thereby eliminating one iterative process and 
improving computational efficiency by approximately 
17%.

The ray tracing process is executed using a 
constant-gradient ray tracing algorithm, which 
traces the sound’s acoustic trajectory in the 
direction of the beam vector by applying Snell’s 
law and the sound speed profile (SSP) in the water 
column. However, this process can be time-
consuming and increases with both depth and the 
sampling density of the SSP (Cartwright et al., 
2002; Mohammadloo et al., 2019). To streamline 
this procedure, Geng and Zielinski (1999) 
demonstrated that if the integration areas of two 
SSPs are identical, the resulting ray tracing 
outcomes are essentially the same. Thus, the 
intricate multi-layer actual SSP can be substituted 
with a simple one-layer SSP. The simple SSP is 
termed the equivalent sound speed profile (ESSP), 
which significantly reduces the complexity of the 
ray tracing process, as illustrated in Fig.1. However, 
since the ESSG is a function of depth, relying on a 
single ESSP for all beams may result in a loss of 
accuracy, particularly when the seafloor topography 
exhibits high variability, as depicted by the two 
beams in Fig.1 (Xin et al., 2015; Bu et al., 2021). To 

Fig.1 Influence of seafloor topography variation on the 
calculation of ESSP for different beams
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solve this issue, Xin et al. (2015) proposed an 
iterative ESSP (IESSP) method for accurately 
calculating the ESSP of each beam in the presence 
of uneven topography. This approach necessitates 
multiple iterations, particularly when there is a 
substantial discrepancy between the depth of the 
SSP and the seafloor depth.

Consequently, existing georeferenced models 
offer high accuracy. However, their complexity and 
time consumption render them unsuitable for rapid, 
real-time processing of MBD. The primary 
objectives of this study are to: (1) develop a more 
efficient and intuitive beam vector calculation 
method that maintains accuracy while reducing 
computational complexity; (2) create an enhanced 
IESSP method to accelerate the calculation speed 
without sacrificing precision.

To achieve these goals, we proposed a new 
method that could primarily enhance the beam 
vector calculation and the ray tracing process, 
building on the VCCA model and the IESSP 
method. In the beam vector calculation, two regular 
sectors with a common vertex are assumed to 
represent beam patterns of the transmitter and the 
receiver, rather than the more complex cones used in 
the VCCA model. Additionally, a progressive ESSP 
(PESSP) ray tracing method that incorporates initial 
depths of the soundings from the previous 
soundings into the IESSP was developed. This 
enhancement further accelerates the calculation 
speed of the ESSP for soundings in the subsequent 
pings. Therefore, the proposed method ensures both 
accuracy and improved computational efficiency 
while providing a more intuitive underlying 
principle.

2 METHOD

2.1 Derivation of the beam vector for MBES

To accurately calculate the beam vector, it is 
essential to first define the relevant coordinate 
system. Unlike the VCCA model, which requires 
constructing of the ARF before transforming to the 
local level coordinate system (LLCS), the proposed 
method calculates the beam vector directly within 
the LLCS. The LLCS is defined as follows: the 
origin of the coordinate system, O, is located at the 
midpoint of the line connecting the acoustic center 
of the transmitter at the time of sound transmission 
and the acoustic center of receiver at the time of 
sound reception. The positive direction of the X-axis 
points to the true north meridian, the positive 

direction of the Y-axis points to the eastward, and 
the Z-axis, along with the X and Y axes, form a right-
handed orthogonal coordinate system, as shown in 
Fig.2.

Under ideal conditions, the transmitter unit vector 
along the X-axis is TX= [1, 0, 0]T. The transmitter 
vector TX′, considering the transmitter’s alignment 
angles (ωTalign, φTalign, γTalign) and the attitude angles 
(ωTatt, φTatt, γTatt) at the time of sound transmission, can 
be calculated by Eq.1.

TX′=R(ωTatt, φTatt, γTatt)·R(ωTalign, φTalign, γTalign)·TX, (1)

where R is a three-dimensional rotation matrix with 
respect to the roll angle φ, pitch angle γ, and yaw 
angle ω (Beaudoin et al., 2004).

Based on the principles of MBES, it is known 
that the transmitter sector is perpendicular to the 
transmitter vector. Therefore, the transmitter vector 
is the normal vector of the transmitter sector. The 
normal vector of the transmitter sector, after 
undergoing a rotation angle, is equivalent to the 
transmitter vector rotated by the same angle. Thus, 
the transmitter vector TX″, TX′, after undergoing the 
transmit steering angle (θTsteer), can be calculated by 
Eq.3.

nT
OZ=TX′×OZ, (2)

TX″=R(θTsteer)TX′, (3)

where nT
OZ is the rotation axis for the transmitter 

vector; R(θTsteer) is the rotation matrix of the nT
OZ; OZ 

is the Z-axis, OZ=[0,0,1].
Similarly, the receiver vector RX″ can be calculated 

by the receiver’s alignment angles (ωRalign, φRalign, 
γRalign), the attitude angles (ωRatt, φRatt, γRatt) and receive 
steering angle θRsteer at the time of sound reception.

Fig.2 Illustrative schematic of the beam vector
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According to geometric principles, the direction 
vector of the line of intersection between two planes 
can be given by the cross product of their normal 
vectors. Therefore, the beam vector BV=[x, y, z], the 
intersection line between the transmitter sector and 
the receiver sector, can be obtained by taking the 
cross product of the normal vector of the transmitter 
sector and the normal vector of the receiver sector:

BV=TX″×RX″. (4)

Thus, the beam incidence angle θ and azimuth 
angle α of the beam vector can be calculated as:

ì
í
î

ïï

ïïïï

θ = tan-1 (z x2 + y2 )

α = tan-1 (x y)
. (5)

The VCCA model typically requires 16 equations 
to calculate the beam vector (Beaudoin et al., 2004). 
In contrast, the proposed method in this paper 
requires only 8 equations (the calculation of RX″, 
like that of TX″, also needs 3 equations). Most of 
these formulas involve matrix operations, which 
significantly simplify the computational process.

2.2 Progressive ESSP ray tracing progress

As shown in Fig.3, the principle of the PESSP 
involves using the estimated depth ze from the 
previous soundings to replace the maximum depth 
zmax of the SSP as the initial depth in IESSP. The key 
to the PESSP is the accurate estimation of the ze, 
which is the closest to the actual depth of P.

The calculation steps of the PESSP are as 

follows:
Ⅰ. Previous sounding set search: the previous 

sounding set is represented by Pi, j={pi, j꞉i, j∈[­n, 0]}, 
where i is the ping number and j is the beam 
number, n is the search range. When n=2, it 
corresponds to selecting the previous 8 soundings, 
as shown in Fig.4.

Ⅱ . Outlier removal of preceding sounding set: 
Due to the influence of complex underwater 
environment and measurement characteristics, there 
may be some outliers in MBD. These outliers can be 
filtered out using the statistical outlier removal 
method (Breunig et al., 2000).

Ⅲ. Initial depth calculation: The initial depth ze 
can be calculated using the inverse distance 
interpolation method.

ze =∑i =-n

0 ∑j =-n

0 zij

d 2
ij

∑i =-n

0 ∑j =-n

0 1
d 2

ij

 (6)

where di, j is the planar distance from pi, j to P. 
However, the planar position of P is unknown 
before georeferenced model. But the planar position 
of P can be inferred based on the assumption of 
constant vessel speed over a small range and equal 
spacing between beams in the adjacent pings.

Ⅳ. Iterative calculation: The integral area Se of 
the actual SSP relative to the zero-gradient SSP in 
the range of [z0, ze], the ESSG (ge) and the ray arrival 
angle (θe) at the seafloor, can be computed by Eq.7.

ì

í

î

ïïïï

ïïïï

Se =åSi

ge = 2Se /(ze - z0 )2

θe = 2arctan(etge )

 (7)

where Si is the integral area of the actual SSP 
relative to the zero-gradient SSP in the ith water 
layer; z0 is the depth of the transducer; t is the travel 
time. Then, the depth z and across distance y 
corresponding to θe can be calculated by Eq.8.

Fig.3 Illustrative schematic of the PESSP Fig.4 Illustrative schematic of the previous sounding set
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ì
í
î

z =R(sin θe - sin θ)

y =R(cos θ - cos θe )
 (8)

where R is the radius of the sound ray propagation 
arc, R=1/ρg; ρ is the Snell constant; θ is the beam 
incidence angle, which can be calculated using Eq.5.

Ⅴ . Result output: Determine if the set precision 
ε is satisfied, i.e., if (z – ze)£ ε is satisfied, terminate 
the iteration and output the depth z and across 
distance y; otherwise, perform ze=z and repeat step 
(Ⅳ) until the set precision is satisfied.

It is important to note that for the first soundings 
in the MBES swath, as there are no previous 
soundings, the maximum depth from the SSP can be 
used as the initial depth. Otherwise, the previous 
soundings are only searched within the first ping for 
the first ping soundings.

3 EXPERIMENT

To validate the effectiveness of the proposed 
method, two cross-lines of MBES data were 
selected from both shallow-water and deep-water 
datasets, as shown in Fig.5. The shallow-water data 
were collected using a Kongsberg EM2040 system 
in Wellington Harbor, New Zealand, with a depth 
range of 11–21 m. The number of pings for Line 1 
and Line 2 are 1 582 and 1 272, respectively, with 
each ping consisting of 400 beams. The coordinates 

of the shallow-water data depicted in the Fig.5a are 
based on the Universal Transverse Mercator (UTM) 
projection, specifically using Zone 60S. The deep-
water data were obtained using a Kongsberg EM302 
system in the northwestern Gulf of Mexico during 
cruise EX1402L2, covering a depth range of 849–
1 381 m. The number of pings for Line 3 and Line 4 
are 2 782 and 2 110, respectively, with each ping 
consisting of 432 beams. The coordinates of the 
deep-water data depicted in the Fig.5b are based on 
the UTM projection, specifically using Zone 15N. 
Additional properties of the two MBESs surveys are 
shown in Table 1. Furthermore, the two MBESs 
incorporate multi-sector feature to realize real-time 
motion compensation, with the beam steer angles 
smaller at central sector and larger at outer sectors 
of the multibeam swath.

During the experimental process, the two 
datasets were also processed by the VCCA model 
and the constant-gradient ray tracing algorithm. The 
results served as a reference for comparison with 
our method. The depth bias in the overlapping area 
of the cross lines was calculated to assess the 
consistency of our method at the same area. 
Statistical analyses of the depth and horizontal 
differences between our method and the reference 
results were conducted to verify the accuracy of our 
approach.

Fig.5 Seafloor topographic maps of the experimental data with cross lines
a. shallow-water data; b. deep-water data.

Table 1 Properties of the two MBESs surveys

Dataset

Shallow-water

Deep-water

MBES

EM 2040

EM 302

Frequency (kHz)

300

30

Pulse length

324 µs CW to 6 ms FM

0.4 ms CW to 200 ms FM

Beam width

1°×1°

0.5°×1°

Ping rate (Hz)

20

<1

Swath width (°)

120

120
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3.1 Analysis of depth biases in the overlapping 
area

To calculate the depth bias in the overlapping 
area of the cross-track lines, one of the survey lines 
serves as reference line whereas another line serves 
as check line. Pairs of tie points from the same 
location are searched in a given neighbor area and 
are calculated by inverse distance weighting 
interpolation algorithm. Thus, there are 6 568 tie 
points in the shallow-water data and 34 844 tie 
points in the deep-water data. The depth bias for these 
tie points is computed and statistically analyzed, as 
shown in Table 2. The distribution histogram and 
spatial distribution are presented in Fig.6.

As shown in Table 2, for both shallow-water and 
deep-water datasets, the mean absolute error 

(MAE), root mean square error (RMSE), the 
maximum and minimum of the depth biases in the 
overlapping area of cross-track lines are generally 
consistent between the VCCA and our method. The 
RMSE for the shallow-water and the deep-water 
datasets is 0.58% and 0.28% of water depth, 
respectively. Furthermore, there are no soundings 
exceeding the limit of the International 
Hydrographic Organization (IHO) S-44 (Edition 
6.1.0) special order (IHO, 2022).

As shown in Fig.6, the histograms and spatial 
distribution of depth biases in the overlapping area 
of the cross-track lines are also generally consistent 
between the VCCA and our method. Thus, the 
results of our method are similar both shallow-water 
and deep-water datasets. This indicates that the 
results obtained from our method align closely with 
those of the VCCA. Furthermore, the depth bias in 
the central area of the cross-track lines is smaller 
than that in the outer area (Fig.6b–c & e–f). In the 
deep-water dataset, the spatial distribution of depth bias 
is influenced by the seafloor topography (Fig.6e & f), 
as the footprint of the soundings covers a larger area 
(approximately 800 m2 in the experimental data), 
resulting in higher bathymetric uncertainty.

Table 2 Statistics of the depth bias in the overlapping area 
of cross-lines

Dataset

Shallow-water

Deep-water

Method

VCCA

Our method

VCCA

Our method

Range (m)

-0.27–0.28

-0.27–0.26

-8.73–8.42

-8.60–8.81

MAE (m)

0.08

0.08

1.92

2.01

RMSE (m)

0.10

0.10

2.40

2.52

Fig.6 Histograms of depth bias in the shallow-water (a) and deep-water (d) datasets; spatial distribution of depth bias 
calculated by the VCCA (b) and our method (c) in the shallow-water dataset; spatial distribution of depth bias 
calculated by the VCCA (e) and our method (f) in the deep-water dataset
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3.2 Statistical analysis of the depth and 
horizontal differences

Data from Line 1 in the shallow-water and Line 3 
in the deep-water datasets were utilized to statistically 
analyze the depth and horizontal differences between 
our method and the VCCA. The statistical results 
are presented in Table 3, while the distribution 
histograms can be seen in Fig.7d & h. Additionally, 
the relationship between horizontal difference, depth 
difference and beam incidence angle in single ping 
is illustrated in Fig.7c & g.

As shown in Table 3, in the shallow-water area, 
the maximum depth difference for the same beam 
between our method and the VCCA is 0.06 m, with 
the MAE and RMSE both being less than 0.005 m. 
The average depth difference is within 0.01% water 
depth (% Z). In the deep-water area, the maximum 
depth difference is 0.57 m, with the MAE and 
RMSE both being less than 0.1 m. The average 
depth difference is within 0.009% water depth.

As shown in Fig.7a–c & e–g, both horizontal and 
depth differences increase with the beam incidence 
angle in the two experimental survey lines. In 
shallow-water data, the depth difference remains 
relatively small. In deep-water area, the depth 
difference is also minimal when the beam incidence 
angle is less than 50°. Because the edge beams have 
a larger steering angle compared to the nadir beam, 
it results in weaker echo signal strength and a longer 
propagation path in the water, ultimately leading to 
greater uncertainty in depth measurement. However, 
when the incidence angle exceeds 50°, the depth 
difference increases rapidly. The horizontal difference 
in shallow-water data can be categorized into three 
segments (S1–S3 in Fig.7c), whereas in the deep-
water data, it can be divided into eight segments 
(S1–S8 in Fig.7g). This segmentation corresponds to 
the number of multibeam transmitted sectors in the 
multibeam system, as different transmitted steering 
angles are employed for each sector.

In Fig.7d & h, it is evident that the depths 
calculated by our method is generally deeper than 
those obtained by the VCCA. However, the depth 
differences are predominantly concentrated near 
zero. Specifically, in the shallow-water data, 

approximately 95% of the depth differences are less 
than 0.01 m, whereas in the deep-water data, about 
91% of the differences are less than 0.2 m.

3.3 Efficiency comparison

As shown in Table 4, our method significantly 
reduces the total computation time for the beam 
vector and ray tracing processes compared to the 
VCCA, achieving reductions of approximately 52.29% 
in shallow-water dataset and 83.64% in deep-water 
dataset. In both shallow-water and deep-water 
datasets, the computation time for the beam vector is 
decreased by over 45%. Specifically, the computation 
time for the ray tracing process is reduced by about 
58% in shallow-water dataset and 91% in deep-
water dataset, with the most substantial reduction 
observed in the deep-water dataset. This greater 
reduction in deep-water dataset is attributable to the 
increased number of SSP layers that typically 
correspond to greater water depths, which results in 
a higher computational load for the constant 
gradient ray tracing algorithm.

The average computation time per ping for the 
shallow-water and deep-water datasets using our 
method is 9.5 and 11.9 ms, respectively, both of 
which are less than the minimum travel time of 
13.4 ms for the shallow-water dataset. However, the 
average computation time per ping for the shallow-
water and deep-water datasets using VCCA is 19.9 
and 72.7 ms, respectively, both of which are only 
less than the minimum travel time of 1.19 s for the 
deep-water dataset. Thereby, our method meets the 
real-time georeferencing requirements for ASV and 
AUV surveys.

4 DISCUSSION

4.1 Analysis of the impact of SSP layer count and 
water depth on computation time

To analyze the impact of SSP layer count and 
water depth on the computation time, the 
computation time of each sounding and the SSP 
layer count were recorded in both the shallow-water 
and deep-water datasets. Additionally, under the 
condition that the SSP integral area remained 
unchanged, the SSP for the deep-water dataset was 
interpolated to double the number of layers. This 
was done to analyze the computation time for SSP 
with different sampling densities at the same water 
depth. The results are presented in Table 5.

As shown in Table 5, the computation time of the 
beam vector module in our method in three cases is 

Table 3 Statistical of depth difference within the same beam

Dataset

Shallow-water

Deep-water

Range (m)

0.00–0.06

-0.10–0.57

MAE (m)

0.002

0.04

RMSE (m)

0.004

0.09

%Z

0.010

0.009
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13.3, 13.2, and 13.3 ns, with the maximum and 
minimum values differing by only 0.8%. So, the 
computation time of the beam vector module in our 
method is independent of both water depth and the 
SSP layer count. This is because the beam vector 

calculation is only dependent on the transducer 
alignment angle and attitude angle. Additionally, the 
constant-gradient ray tracing algorithm is positively 
correlated to the SSP layer count. In contrast, the 
computation time for PESSP is independent of the 

Fig.7 Spatial distribution of horizontal (a) and depth (b) difference, single ping (c) and histograms of depth (d) difference 
between our method and the VCCA in the shallow-water datasets; spatial distribution of horizontal (e) and depth 
(f) difference, single ping (g) and histograms of depth (h) difference between our method and the VCCA in the deep-
water datasets
S1–S3 in (c) and S1–S8 in (g) represent the MBES of multiple sectors.

985



Vol. 44 J. OCEANOL. LIMNOL., 44(3), 2026

SSP layer count, as PESSP uses an ESSP with a 
single water layer for ray tracing. Therefore, the 
computational efficiency advantage of our method 
becomes more significant as the number of SSP 
sampling layers increases, especially in deeper 
waters.

4.2 The advantage of PESSP compared to IESSP

The PESSP was developed to reduce the number 
of iterations required in IESSP calculations. To 
illustrate the advantages of PESSP compared to 
IESSP, the deep-water dataset was used as an 
example. The IESSP required approximately 
7 iterations per sounding to converge and obtain 
accurate depth, while the PESSP only required 
3 iterations. As a result, the computation time of 
the PESSP is only 42.9% of that of the IESSP, 
demonstrating a significant improvement in 
efficiency.

In Section 2.2, we discuss the use of statistical 
methods to filter out outliers and acknowledge that 
these methods are generally effective in most cases. 
However, when the overall quality of the MBD 
is suboptimal, the removal of outliers may 
occasionally fail. To evaluate the robustness of the 
PESSP method, we used the deep-water dataset for 
experiments, assuming the initial depth was half of 
the true depth to simulate the influence of outliers. 
The results demonstrate that the PESSP method still 
requires only 4 iterations to accurately determine the 
depth, confirming its robustness.

4.3 Limitation

The method proposed in this paper incorporates 
two simplifications in the calculation of the beam 
vector: 1) the displacement, which consists of the 
static offset and the dynamic offset resulting from 
vessel movement during the sound roundtrip 

Table 4 Time-consuming for our method and the VCCA

Method

VCCA

Our method

Dataset

Shallow-water

Deep-water

Shallow-water

Deep-water

Module

Beam vector

Ray tracing

Total

Beam vector

Ray tracing

Total

Beam vector

Ray tracing

Total

Beam vector

Ray tracing

Total

Time consuming (s)

16.08

15.34

31.42

34.37

167.89

202.26

8.54

6.45

14.99

18.86

15.22

33.08

Time saving (%)

No data

46.89

57.95

52.29

45.12

90.93

83.64

Table 5 Time-consuming for beam vector and ray tracing of each sounding

Dataset

Shallow-water

Deep-water

SSP layer count

58

258

516

Module

Beam vector

Constant-gradient ray tracing

PESSP

Beam vector

Constant-gradient ray tracing

PESSP

Beam vector

Constant-gradient ray tracing

PESSP

Time-consuming (ns)

13.3

24.1

10.3

13.2

139.6

12.5

13.3

280.3

12.8
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between the transmitter and the receiver, is 
neglected. Thus, three-dimensional errors caused by 
this displacement were introduced in the experimental 
datasets (Hamilton et al., 2014), contributing to 
depth biases in overlapping area (Fig.6); 2) in the 
presence of the steering angle, the multibeam 
transmitted and received beam patterns form a 
conical surface (Hamilton et al., 2014), with their 
intersection with the seafloor forming two 
hyperbolas. The proposed method simplifies the 
transmitted and received beam patterns into two 
three-dimensional sectors (Fig.2), thereby introducing 
an approximation error, as illustrated in Fig.8.

The NCCA accounts for these factors, making it 
closer to the real sound propagating scenario and 
achieving higher computational accuracy. However, 
it requires iterative solving when calculating beam 
vector and water depth, leading to slower 
computation speeds (Bu et al., 2020).

To evaluate the effect of the displacement in the 
experimental datasets, the deep-water data (Line 3) 
was also processed by the NCCA model. The 

horizontal and depth differences between the results 
of our method and the NCCA were compared, as 
shown in Fig.9.

As shown in Fig.9a–c, the horizontal and depth 
differences increase with the beam incidence angle. 

Fig.8 Combined effect of transducer displacement and 
steering angles on the multibeam footprints

Fig.9 Spatial distribution of horizontal (a) and depth (b) difference, single ping (c) and histograms of depth difference (d) 
between our method and the NCCA in the deep-water dataset Line 3
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When the beam incidence angle is less than 50°, the 
differences remain relatively small (less than 0.5 m); 
however, once the angle exceeds 50°, the differences 
increase rapidly (Fig.9c). Therefore, in the deep-
water data, the approximation error can be 
minimized by reducing the receiver’s steer angle. 
Furthermore, the horizontal difference still exhibits 
a strong correlation with the multibeam transmission 
sector (S1–S8 in Fig.9c). The depth differences 
between our method and the NCCA are primarily 
concentrated around 0, with the maximum depth 
difference being less than 1.2 m (Fig.9d). Compared 
to the water depth, these differences can be 
considered negligible.

By comparing Figs.8 & 9, it is evident that the 
difference between our method and the NCCA are 
greater than those between our method and the 
VCCA, as both the VCCA and our method disregard 
the displacement. However, the georeferencing time 
required by NCCA was 1 293.64 s, whereas our 
method reduced this time by approximately 97.4%.

Therefore, to overcome the current limitations of 
our method, future research should prioritize two 
critical improvements to enhance accuracy. First, in 
our current method, the coordinate origin is set at 
the midpoint of the line connecting the acoustic 
center of the transmitter at the time of sound 
transmission and the acoustic center of receiver at 
the time of sound reception. In subsequent 
refinements, different coordinate origins could be 
adopted for the acoustic center of the transmitter and 
receiver. This adjustment would help eliminate static 
offset errors and dynamic offset errors induced by 
vessel motion between transducers. Second, multiple 
sectors could be employed to better approximate the 
conical surfaces of the transmitting and receiving 
beam patterns. By doing so, the intersections of 
these multiple sectors with the seafloor would form 
polyline approximations, allowing for a closer fit to 
the hyperbolas in the NCCA. These two improvements 
are expected to enhance the computational accuracy 
of the georeferenced model while maintaining 
computational efficiency.

5 CONCLUSION

To enhance the computational efficiency of the 
georeferenced model for the MBES while maintaining 
accuracy, we developed a novel method that could 
primarily improve the beam vector calculation and 
ray tracing processes. The proposed method simplifies 
the VCCA model and improves the IESSP method. 

Beam vectors are calculated directly by multiplying 
several matrices, offering a more intuitive and 
convenient solution. In the ray tracing process, a 
progressive ESSP technique is employed to reduce 
the number of iterations required for calculating the 
ESSP for extensive soundings. The effectiveness of 
the proposed method in terms of both accuracy and 
efficiency has been validated using multibeam 
datasets with cross-track lines from both shallow 
and deep water. The new model meets the IHO S-44 
(Edition 6.1.0) special order standards and 
significantly enhances computational speed by over 
52%, providing a valuable reference for the rapid 
real-time processing of extensive soundings acquired 
by unmanned platforms.
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